FERC Order 745 allows demand response owners to sell their load reduction in the wholesale market. However, in order to be able to sell the load reduction, some implementation challenges must be addressed, one of which is to establish Customer Baseline Load (CBL) calculation methods with acceptable error performance, which has proven to be very challenging. In this paper, the error and financial performance of Randomized Controlled Trial (RCT) method, applied to both granular and aggregated forms of the consumption load, are investigated and compared with traditional methods for a hypothetical demand response program offered to a real dataset of residential customers.
I. INTRODUCTION
In response to inefficient functionality of the wholesale electricity market in the absence of demand-side participation, Federal Energy Regulatory Commission (FERC) has issued FERC No. 745 order to encourage the adoption of Demand Response (DR) programs [1] . These programs are designed to incentivize customers to temporarily reduce their demand in answer to inflated price signals. DR programs, according to numerous studies, can provide workable solutions to many major problems in the power system. Stabilizing the wholesale prices, limiting the market power of large players, ensuring the reliability during emergencies, and providing balancing act to address the variability of renewable energies are a few notable examples of DR programs' benefits [2] . However, there are some obstacles that pose challenges to the implementation of DR programs in practice, chief among them Evaluation, Measurement and Verification (EM&V) of the customers' load reduction.
In order to perform the payment settlement, which is the critical part of all DR programs, it is essential that the load reduction is accurately measured and verified. To carry out such task, it is necessary to reliably estimate Customer Baseline Load (CBL), i.e. the amount of electricity that customers would have consumed in the absence of the DR program curtailment call. If the CBL is calculated accurately, then the real load reduction could be measured as the difference between actual consumption and the CBL.
The accurate calculation of CBL is carefully investigated by many Independent System Operators (ISOs) within the US. Some of the well-established methods employed by the ISOs are summarized in Table I . These methods are fully described in [3] . It is necessary to mention that these CBL calculation methods are originally developed for large industrial and commercial customers.
In recent years, high penetration of smart meters in residential sector, which provide granular hourly consumption data, has created unprecedented opportunities for load aggregators to offer DR programs to residential customers. However, CBL calculation methods for residential customers face more challenges compared to large industrial and commercial customers due to the fact that load curve of these customers have much more random characteristics. This randomness is driven by the multitudes of non-correlated personal and household activities. The authors in [3] , [4] , [5] show that the conventional CBL methods, which are developed for large industrial and commercial customers, make considerable amount of error for residential customers. To date, developing CBL methods for residential customers has rarely been seriously scrutinized in the literature.
Besides the methods demonstrated in Table I , Randomized Controlled Trial (RCT) is also employed as a tool for CBL calculation. This method, unlike the conventional CBL calculation methods, is observed to only be utilized for residential customers. This method is recommended by Lawrence Berkeley National Lab (LBNL) as one of the methods that could be used to assess the effects of time-based rates, enabling technologies, and various other treatments on customers' con- sumption levels and patterns of usage [6] . Furthermore, the authors in [7] , have recommended using RCT for evaluating the energy efficiency (i.e. load reduction) in behavior-based efficiency programs. Moreover, in another attempt to use the RCT for EM&V purposes, Green Mountain Power (GMP) electric utility company has employed the RCT for their consumer behavior study [8] . In their study, the RCT is treated as a 100% accurate method. Furthermore, in another example of pilot projects that have used RCT as an EM&V tool, in summer 2015, PG&E, in partnership with Opower, conducted a Behavioral Demand Response (BDR) analysis to explore how customers could be engaged through communication and social comparison to reduce their peak load demand. In their work, the RCT method has been employed to estimate the load reduction.
The main criticism against the aforementioned works is that they assume that RCT methods are accurate enough to capture the load changes. However, considering the fact that in most of these works the load change is very small, if the accuracy of the RCT is insufficient, the results achieved in these works could be entirely misleading. The gravity of this issue, which is largely neglected, is examined in this work.
In this paper, the main goal is to assess the performance of the RCT method employed for residential customers, for both granular and aggregated load forms, and to compare the results with one of the well-established CBL calculation methods (i.e. High5of10). For this purpose, both error and financial performances of the methods are analyzed for a case of hypothetical Peak Time Rebate (PTR) program offered to a real dataset of residential customers. The details of the data will be elaborated in the following sections. PTR program is chosen because it depends on calculating CBL for the evaluation of load reduction [9] . In this paper, granular form refers to the programs that treat each customer individually and calculate an individual CBL for the purpose of payment settlement. On the other hand, aggregated form refers to the programs that do not engage with each customer in the individual level. These programs, first, aggregate the historical consumption data of a group of customers, then they make the CBL calculation and perform payment settlement in the aggregated level.
The rest of the paper is organized as follows. An overview of CBL calculation methods is provided in section II. Afterwards, in section III, first, the dataset utilized for CBL calculation is introduced; then, three error metrics of accuracy, bias, and Overall Performance Index (OPI) are introduced and finally the experiment's setup is described. In section IV, the error analysis for two cases of granular and aggregated load forms are presented. In section V, a case study for an economic analysis of the hypothetical PTR program is introduced, and The results and discussion of the case study for both granular and aggregated cases are presented. The paper then concludes in section VI.
II. CBL CALCULATION METHODS
In this section, two methods of HighXofY and RCT are briefly reviewed as tools for CBL calculation.
A. HighXofY Method
In this method, Y days of non-event, non-holiday weekdays and weekends prior to a DR-event day are selected. Then, X days with maximum average consumption are selected out of the Y days. The baseline is defined for each hour of the event day as the average hourly load of these X days. The NYISO uses this method with X=5 and Y=10. In this paper, this method is selected with one modification. Since residential customers' consumption are not sensitive to weekends, the weekends, also, are included in the process of the CBL calculation. The algorithm of the NYISO is described in [10] .
B. Randomized Controlled Trial (RCT)
The RCT method assigns the households into two groups of treatment and control randomly. These two groups are exposed to the similar conditions, and the difference between them could be attributed to the treatment effect. RCTs rely on minimal assumptions about the nature of customers; therefore, they can produce unbiased estimates of treatment effects [6] .
The RCT method has lower administrative cost compared to NYISO as it requires no historical data for CBL calculation. Therefore, in the equal condition, the RCT is much better alternative both in terms of lower cost and lower complexity.
III. IMPLEMENTATION
In this section, the dataset employed for the error analysis is introduced and the error metrics are defined. Afterwards, the setup for implementation is explained.
A. Dataset
In this paper, a dataset collected by Australian Energy Market Operation (AEMO) for 199 residential customers, in the leap year of 2012 (366 days), has been employed [11] .
The customers under study are charged based on fixed tariff. The data used in this study is broken down into four seasons. Seasons in Australia are opposite of the countries in Northern Hemisphere.
In this paper, 12 event days (one for each month) are selected for the error analysis, and the information about these days are as follows: The total consumption for all four seasons are depicted in Fig 1. Event days are color-coded with red. The event hours are assumed to start from 3:00 p.m. and end at 9:00 p.m. Table II, shows the average consumption per capita for 12 event days in each treatment group. The event days are the days in a month with the maximum consumption. This information is useful to see the relationship between the inaccuracy and the average consumption per capita.
B. Error Metrics
In this subsection, three error metrics of accuracy, bias, and OPI are introduced and elaborated.
1. Accuracy: The hourly accuracy represents the hourly difference between the CBL estimation and actual consumption. Let C be the set of all customers, D be the set of all days in the data set, and T be the set of hourly timeslots in a day. Mean absolute error (MAE) for measuring CBL accuracy is defined as shown in (1) . b and l are baseline and actual loads, respectively. The lower the MAE, the better is the accuracy.
2. Bias: CBL's bias is defined as shown in (2) . The definition of bias is close to the accuracy; however, it gives different information about the performance of CBL.
The difference between accuracy and bias, as expressed in (1) and (2) is the value of the difference between CBL and the actual consumption, which MAE uses the absolute value, while bias uses the real value. According to (2), baseline methods with positive bias overestimate the customers' actual consumption and vice versa.
Overall Performance Index (OPI):
The overall error performance of a method depends on both accuracy and bias. It is defined as the weighted sum of the absolute value of accuracy and bias as shown in equation (3) . Moreover, the weight of λ = 0.5 is selected for both absolute value of accuracy and bias, which indicates the equal importance of both accuracy and bias in the overall error performance [3] .
C. Setup
One major concern in the RCT is how to construct the control population. In this paper, in order to see how much the construct of control population impacts the error of CBL calculation methods, five separate datasets are created out of the original dataset. The percent of control group in these five groups are 5% (10 customers), 10% (20 customers), 15% (30 customers), 20% (40 customers), and 25% (50 customers). The treatment groups consist of the remaining customers.
IV. ERROR ANALYSIS
In this subsection, the error performance of two CBL calculation methods for two cases of granular and aggregated loads are assessed.
A. Granular Case
The error metrics values for different groups of granular case are illustrated in Fig. 2 . According to the results in Fig.  2a , accuracy MAE for the NYISO increases slightly (10%) as the number of customers in the treatment group decreases. However, this slight increase can be attributed to the slight increase in the average consumption (+6.5%) in Table II . It is worth noting that in this paper, the statement that "the number of customers in the treatment group decreases" is technically equivalent to "the number of customers in the control group increases", and they are used Interchangeably.
On the other hand, the accuracy MAE of the RCT improves significantly as the number of customers in the control group increases. The accuracy MAE shows 28% decrease from 5% to 25%, which means as the control group is becoming larger, it is able to produce better CBL for the treatment group. According to the results in Fig. 2b, bias for NYISO, also, shows a slight increase. The bias for NYISO is positive, and it stays positive for different groups. On the other hand, the bias for the RCT changes drastically. As the number of customers in the control group increases, the sign of bias value changes from positive to negative. It is worth mentioning that since all the event days have higher total consumption than their prior days, it is expected that the CBL to have a negative bias. Therefore, the fact that the NYISO shows a positive bias is not a good outcome for this method.
According to the results in Fig. 2c , the OPI values for the NYISO retain the same pattern as the accuracy MAE and bias. It will increase slightly as the number of customers in the treatment group decreases. On the other hand, the OPI for the RCT will decrease in general as the number of customers in the control group increases. Another observation from this figure is that the value of the OPI for both NYISO and RCT methods for control groups with 20% and 25% are approximately the same. Therefore, as mentioned earlier, because of lower administrative costs, the RCT is more preferable.
B. Aggregated Case
The error metrics values for different groups of aggregated case are illustrated in Fig. 3 . A major improvement in the accuracy MAE of both methods compared to the previous case is illustrated in Fig. 3a . However, the performance of the RCT is not as strong as the performance of the NYISO method. While the NYISO shows a consistent 0.2 kWh/hour accuracy MAE for all control populations, the RCT shows a variable accuracy MAE of 0.3 to 0.4 for all control populations. Considering the information in Table II , the value of 0.2 kWh/hour accuracy MAE for the NYISO is almost equal to 11% accuracy. In other words, this method is able to capture load changes above 11%. Fig. 3b shows that the bias for the NYISO is negative, and it is almost -0.1 kWh/hour. On the other hand, similar to the granular case, the bias for the RCT changes drastically, and its sign changes from positive to negative as the number of customers in the control group increases.
According to Fig. 3c , the OPI for the NYISO is almost unchanging. On the other hand, the OPI for the RCT changes randomly. Therefore, compared to the NYISO, this method is less reliable for the aggregated case, and the NYISO outperforms the RCT significantly in the aggregated case.
V. FINANCIAL ANALYSIS In this section, the financial performance of a case study is assessed by employing two CBL calculation methods for two cases of granular and aggregated loads. 
A. Case study
In order to investigate the impact of the CBL's error on the financial performance of a DR program, in this paper, a case of hypothetical PTR program is selected. PTR program, as discussed earlier, rewards the load reduction [9] . In this paper, it is assumed that the PTR program pays $0.35/kWh as an incentive for any kWh load reduction and charges the fixed tariff of $0.097/kWh for electricity consumption. These values are employed by a real PTR program in Anaheim Public Utility (APU) pilot project for the residential customers [12] . The hypothetical PTR program, used in this paper, is assumed to be offered to the dataset described earlier.
B. Granular Case
The customers in DR programs are anticipated to respond to the incentive and reduce their demand. If the CBL is calculated accurately (i.e. MAE=0), all load reduction could be attributed to the PTR incentive effect. However, if the CBL is inaccurate, the load reduction is comprised of two components; one component is in response to the incentive effect and the other is due to the CBL inaccuracy. In this paper, since the focus is on the accuracy of CBL calculation methods, a dataset with no DR event (i.e. incentive effect) is selected. As a result, it is possible to claim that the first component is zero and the perceived load reduction is the second component (i.e. CBL inaccuracy), which is defined as false load reduction. In this paper, false load reduction refers to the occasions that the CBL is higher than the load. Moreover, it is called "false" because the actual load reduction is zero.
According to Fig. 4a , the percent of false load reduction for the NYISO method for different control populations is almost constant (32%). On the other hand, this value for the RCT decreases significantly as the number of customers in the control group increases (42% decrease). It is worth mentioning that the false load reduction is directly correlate with the bias value. As discussed earlier, negative bias value indicates that the method under-estimates the CBL. Holding all other independent variables constant, The lower CBL means the lower load reduction. Therefore, the last observation about the RCT could be attributed to the decreasing trend of bias values in Fig. 2b .
According to the results of Fig. 4b , the rebate as a percentage of utility revenue for the NYISO for different control populations is almost constant (115%). On the other hand, for the RCT, this value, similar to the percent of false load reduction, decreases significantly as number of customers in the control group increases (42% decrease). Similarly, it could be attributed to the decreasing trend of bias values in Fig. 2b .
C. Aggregated Case
According to Fig. 5a , the percent of false load reduction for the NYISO is 5%, which shows a significant change (almost 6 times) compared to the granular case. Since the NYISO showed negative bias for the aggregated case, this significant change was expected. However, it is worth reminding that the percent of false load reduction is not a metric for evaluating the performance of a CBL calculation method in general, and any conclusions from this figure is only applicable to the context of this particular hypothetical PTR program.
As mentioned in the error analysis of the aggregated case, the values for the RCT seems to change randomly. The unhinged nature of the values in the RCT reveals that this method is less reliable in the aggregated cases. Because of the large negative bias, it is expected that the percent of false load reduction compared to total consumption be very small and close to zero. Fig. 5b is the monetary translation of Fig.  5a , and the rebate as a percentage of utility revenue for the NYISO for different control populations is almost 18%.
VI. CONCLUSION
In this paper, error and financial performance of RCT method are investigated for granular and aggregated load forms. Moreover, for the purpose of comparison, a wellestablished CBL calculation method of NYISO is used. Then, by using a real dataset of residential customers' consumption data, the empirical error and financial analyses are carried out.
The key conclusions of this paper are:
• The RCT method with larger control population has much better error performance compared to the smaller control population in the granular case;
(a) Percent of false load reduction (b) Rebate as percent of revenue • The RCT method is almost insensitive to the control population in the aggregated case; • In the granular case, the OPI for the NYISO and RCT methods for control groups of 20% and 25% are approximately the same. Therefore, if error performance is the major concern, because of the lower administrative costs, the RCT is preferable; • the NYISO method shows a better and more consistent error performance compared to the RCT for the aggregated case; • The error and financial performance of both methods in the aggregated case are significantly better than the granular case. Therefore, for applications and studies that do not need an individual payment settlement, it is much better to perform the analysis on aggregated level.
